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ABSTRACT 39 
Measuring the performance of transit routes plays a critical role in finding operational problems 40 
and helps transit agencies allocate resources effectively. To measure the performance of transit 41 
routes, using Brisbane as a case study we employ Data Envelopment Analysis (DEA) on 42 bus 42 
routes. The analyses show that, for technical efficiency measurement, service duration is 43 
statistically associated with inefficient routes, while for service effectiveness, space-km and on-44 
time performance (OTP) have a potential role in improving the performance of ineffective 45 
routes. 46 
 47 
 48 
 49 
 50 
Keywords: Data envelopment analysis, smart card, Automatic fare collection, transit 51 
performance evaluation.  52 
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INTRODUCTION 53 
Transit agencies aim to allocate limited resources effectively as financial assistance of 54 
government becomes limited and as private motor vehicle use increases [1, 2]. Measuring the 55 
performance of individual routes within a transit system plays a critical role in finding problems 56 
in system design, operation and control, and in seeking means to increase ridership. 57 
Unfortunately, evaluating performance of individual transit lines/routes is complex because 58 
multiple objectives, and multiple input and output variables, exist. The problem is overcome with 59 
the use of Data Envelopment Analysis (DEA), which compares performance of different transit 60 
lines/routes within a transit system considering them as production units [2-5]. However, due to 61 
the simple transit data collected through manual survey, the application of DEA models to 62 
measuring performance of individual transit routes is fairly limited.  63 
This paper aims to provide insights into the spatial and temporal performance of 64 
individual routes within a transit system using smartcard based automated fare collection (AFC) 65 
data. We first use smartcard data to extract key bus route performance indicators and secondly 66 
employ DEA for performance analysis by way of case study of 42 routes in Brisbane, Australia. 67 
The scientific contributions of this paper provide advancements in: (1) conceptual understanding 68 
of transit route performance, and (2) empirical understanding of bus route temporal and spatial 69 
performance using the DEA model. 70 
The remainder of this paper includes a literature review, a methodology section where 71 
DEA models are presented, and an empirical analysis section examining the performance of 42 72 
bus routes. Results are discussed and conclusions provided.  73 
LITERATURE REVIEW 74 
Transit Performance Concepts 75 
The performance of a given transit system or route can be distinguished into the three 76 
dimensions: technical efficiency (also termed cost efficiency), operational effectiveness (also 77 
termed cost effectiveness), and service effectiveness (see FIGURE 1a). 78 
Technical/cost efficiency represents the process through which service inputs are 79 
transformed into outputs. This means that a transit agency invests capital in vehicles, fuel, 80 
information systems, employees, maintenance, and other costs (inputs). This investment 81 
produces a certain service for a community such as vehicle-km, seat-km, and seat-hours 82 
(outputs). An agency is considered efficient if it can reduce inputs to produce a fixed 83 
amount of outputs, or increase outputs while using similar or fewer inputs.  84 
Operational/cost effectiveness indicates the relationship between service inputs and 85 
consumed service. A transit agency spends money to offer its service, and a number of 86 
passengers (per day or week) consume its service. Transit agency will achieve higher cost 87 
effectiveness, if it increases ridership without increasing total cost of producing the 88 
service. 89 
Service effectiveness examines the relationship between produced outputs and consumed 90 
service or how well a service offered by operators is consumed by a community [5]. This 91 
means that not all of the service offered (measured by vehicle-km, seat-km, and/or seat-92 
hours) would be used by a community. If it attracts more passengers without increasing 93 
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service, or reduces service but still serves a similar number of passengers, it will be more 94 
effective. 95 
FIGURE 1a illustrates that a number of uncontrollable variables (population density, 96 
accessibility, parking space availability) influence actual service consumption of a community 97 
with regard to service effectiveness. Also, concerning the cost efficiency component, external 98 
factors (traffic conditions, location of transit stops) significantly affect service outputs.  99 
Application of DEA Approach for Transit Performance Evaluation 100 
Measuring the performance of urban transit systems with regard to efficiency and effectiveness 101 
is a major challenge to transit agencies, as multiple factors simultaneously influence operation of 102 
any public transport system. Fielding et al. [6] used cluster analysis to construct 12 peer groups 103 
of fixed-route urban transit. They then analysed the variance and discriminant among peer 104 
groups in terms of operating characteristics to build up a decision tree typology, which is an 105 
intellectual device for clarifying the performance similarities as well as differences among transit 106 
agencies. This approach provided basis for developing the Irvine Performance Evaluation 107 
methodology (IPEM), which subsequently was used by researchers including Perry et al. [7], Yu 108 
[8] and Fielding et al. [9] to study performance of transit agencies. However, the IPEM statistics 109 
method is cumbersome as it does not provide a single overall measure of transit performance 110 
[10].  111 
To overcome this drawback, Chu et al. [10] applied the DEA model to measure 112 
efficiency and effectiveness of public transit agencies in the United States (US). Based on the 113 
results obtained, the authors reinforced the notion of Hatry [11] that, in measuring performance 114 
of transit agencies, efficiency should be evaluated separately from effectiveness. Thereafter, 115 
many researchers have used DEA models for transit performance analysis, whereby most of the 116 
research focuses on evaluating performance of different transit systems on yearly data [1, 12-19] 117 
while some researchers have focused on evaluating performance of individual transit lines/routes 118 
within a system [2-5, 20]. 119 
Comparing performance between different transit systems plays a key role in determining 120 
the average operational efficiency of a transit system and identifying problems related to 121 
operation of the whole system, but cannot explore the problems related to internal activities of 122 
each route. On the other hand, the performance evaluation of individual transit routes within a 123 
transit system substantially provides the transit agency with the opportunity to understand its 124 
internal activities [4, 21], and then investigate the source of inefficiency. Possible actions can be 125 
taken to optimize the operational efficiency of inefficient routes, and thus seek performance 126 
improvement for the whole transit system. Evaluating performance of individual routes therefore 127 
is of importance for optimizing their operation and then the transit system. 128 
Performance evaluation of individual routes within a transit system has drawn the 129 
attention of some researchers [2-5, 20]. However, due to the simplistic transit data collected 130 
through manual survey, temporal and spatial performance of routes in those studies was not 131 
analysed sufficiently. For instance, travel time is estimated from operating speed, which depends 132 
upon the distribution of transit route in urban or suburban area [3]. Most researchers use 133 
“passenger-km” as the output for evaluating service effectiveness of a route, while the 134 
corresponding input is “seat-km” representing vehicle passenger carrying capacity. “Passenger-135 
km” was defined as the total passenger transmission of a route multiplied by the total number of 136 
kilometers travelled by all vehicles operating on that route during a weekday. “Passenger-km” 137 
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thus does not reflect the service consumption accurately because it considers the total distance 138 
travelled by all vehicles instead of the average route length travelled by passengers.  139 
Regarding the above relationship between the vehicle passenger carrying capacity and the 140 
service consumption, Vuchic [22] defined “transportation work” (𝑤) as the number of 141 
transported objectives (𝑢) multiplied by the distance (𝑠) over which they are carried: 𝑤 = 𝑢. 𝑠 142 
After the work of Vuchic, Bunker [23] introduced “transit work” and “transit service 143 
work efficiency” of an individual transit service h along its route L with n segments. “Transit 144 
work” is the sum of the transit work performed along all consecutive segments along the transit  145 
route. 146 
Transit work performed by service h along its route L, given by (p-km): 147 
𝑾𝒉,𝑳 = ∑ 𝑷𝑶𝑩,𝒉,𝒊𝒔𝒊
𝒏
𝒊=𝟏                                                                          (1) 148 
Where:  𝑠𝑖 = length of segment 𝑖 149 
𝑃𝑂𝐵,ℎ,𝑖 = Passengers on board for service h along segment 𝑖 150 
𝑛 = Number of consecutive segments constituting line L traversed by service h 151 
Compared to “passenger-km”, “transit work” reflects the service consumption more 152 
accurately because it takes the actual route length traversed by passengers into account and 153 
reflects the vehicle’s loading level along the transit route. This paper uses “transit work” as an 154 
output to present the service consumption of the community. 155 
  156 
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a)  157 
b)  158 
c)  159 
FIGURE 1 Framework for a) a transit network performance concept model ( adopted from 160 
Fielding et al. [6]); b) a transit route performance evaluation; and c) production frontier of CCR 161 
(CRS) and BCC (VRS) models    162 
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METHODOLOGY 163 
Framework for Transit Route Performance Evaluation  164 
As an individual route is a subunit within a system, its performance evaluation should follow the 165 
framework of transit system performance evaluation (see FIGURE 1a). However, considering 166 
performance of a route, it can be seen that service outputs include the two major components: (a) 167 
service availability (vehicle-km, seat-km, or vehicle-hour); and (b) quality of service (average 168 
travel time, dwell time, schedule reliability, or connection availability). Therefore, in the 169 
framework for transit route performance evaluation, technical efficiency is divided into two 170 
dimensions: (a) service availability; and (b) quality of service (see FIGURE 1b). Here route 171 
length, service duration, headway, and fleet size can be used as inputs for producing service 172 
availability, while quality of service is directly affected by the priority lanes, number of stops 173 
and intersections along the transit route, and traffic conditions. 174 
Data Envelopment Analysis (DEA) 175 
Data envelopment analysis (DEA) was developed by Charnes, Cooper, and Rhodes (CCR) in 176 
1978 [24] and later modified by Banker, Charnes and Cooper (BCC) in 1984 [25]. It builds upon 177 
the frontier efficiency concept first elucidated in Farrell [26]. DEA is a non-parametric and 178 
empirical modelling based on linear programming and optimization. It is used widely to measure 179 
relative efficiencies of production units (termed as Decision making units, DMUs) with multi-180 
inputs and multi-outputs. Literature is abundant with its application in banking [27, 28], hospitals 181 
[29, 30], schools [31, 32], electricity [33, 34], and transportation [2, 5, 35, 36]. 182 
The modelling process of DEA includes: a) identification of the production frontier (or 183 
isoquant) of a set of comparable DMUs. Within a set of comparable DMUs, those exhibiting the 184 
best use of inputs to produce outputs are identified, and would form an efficient frontier; b) 185 
measures the efficiency level of each DMU by comparing its production function with the 186 
production frontier [37]. The production function (technology) is described by the production 187 
possibility set T of feasible output vectors y producible from input vectors x: 188 
T = {(x, y): y is feasibly produced from x}                             (2)                      189 
The CCR model measures efficiency of a DMU relative to a reference technology 190 
exhibiting constant returns to scale (CRS) whereas the BCC model exhibits variable (increasing, 191 
constant, or decreasing) returns to scale (VRS) at different points on the production frontier (see 192 
FIGURE 1c). These two basic DEA models play a crucial role in providing practitioners with a 193 
non-parametric approach to evaluate the efficiency of DMUs with multi-inputs and multi-194 
outputs. 195 
Regarding transit, due to the constraint of capacity (for instance bus station capacity) and 196 
operating vehicle speed (because of schedule travel time), the output (OTP, transit work, average 197 
vehicle speed) might not have a constant increase when increasing the inputs (bus size, service 198 
frequency etc.). Therefore, the constant return to scale is not always existent and we need to 199 
consider VRS so as to reflect this constraint. We provide the details of the VRS model below. 200 
Interested readers can refer to Coelli et al. (1998) for detailed understanding of CRS and VRS 201 
models.  202 
BCC Model 203 
Suppose that each DMUj (j=1…n) uses m inputs xij (i=1…m) to generate s outputs yrj (r=1…s), 204 
and the vi, ur are the variable weights of inputs and outputs, respectively.  205 
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This method uses the known inputs and outputs of all DMUs in the given set of data to determine 206 
the efficiency of one member DMUj (j=1…n), which is assigned as DMU0. The efficiency of 207 
DMU0 is obtained by solving the following fractional programming problem n times, each DMU 208 
once.  209 
max ℎ0 =
∑ 𝑢𝑟 𝑦𝑟0 − 𝑢0
𝑠
𝑟=1
∑ 𝑣𝑖𝑥𝑖0
𝑚
𝑖=1
                                                          (3) 
Subject to:        
∑ 𝑢𝑟 𝑦𝑟𝑗
𝑠
𝑟=1 −𝑢0
∑ 𝑣𝑖𝑥𝑖𝑗
𝑚
𝑖=1
≤ 1;                 𝑗 = 1, … , 𝑛 210 
                         𝑢𝑟 , 𝑣𝑖  ≥ 𝜀 > 0;        𝑟 = 1, … , 𝑠;         𝑖 = 1, … , 𝑚.         𝑢0 𝑓𝑟𝑒𝑒 𝑖𝑛 𝑠𝑖𝑔𝑛 211 
Where ε is a “non-Archimedian infinitesimal”, which is smaller than any positive real 212 
number such that all variables are constrained to positive values.  213 
The objective is to obtain the input and output weights vi, ur as variables that maximize 214 
the ratio of DMU0, the DMU being evaluated. The value of h0 obtained from this formulation 215 
represents the efficiency score of DMU0. The constraints mean that h0
*
, being the optimal value 216 
of h0, should not exceed 1 for all DMUs. In the case h0
*
=1, this DMU is situated on the 217 
efficiency frontier [38]. 218 
To solve this problem, the theory of Charnes et al. [39] is applied to convert this 219 
fractional programming problem to the linear programming (LP) model with the changes of 220 
variables 𝑡(∑ 𝑣𝑖 𝑥𝑖0) = 1
𝑚
𝑖=1
; 𝜇𝑟 = 𝑡𝑢𝑟 and 𝜗𝑖 = 𝑡𝑣𝑖. The above problem is replaced by the 221 
following equivalent: 222 
max ℎ0 = ∑ 𝜇𝑟 𝑦𝑟0
𝑠
𝑟=1
− 𝜇0                                                                (4) 
Subject to:       ∑ 𝜗𝑖 𝑥𝑖0 = 1
𝑚
𝑖=1  223 
                        ∑ 𝜇𝑟 𝑦𝑟𝑗
𝑠
𝑟=1 − 𝜇0 − ∑ 𝜗𝑖 𝑥𝑖𝑗 ≤ 0                          𝑗 = 1, … , 𝑛
𝑚
𝑖=1
 224 
                        𝜇𝑟 , 𝜗𝑖  ≥ 𝜀 > 0;        𝑟 = 1, … , 𝑠;         𝑖 = 1, … , 𝑚          𝜇0 𝑓𝑟𝑒𝑒 225 
The dual problem reproduced here for input-oriented model is as follows: 226 
min   𝜃 − 𝜀(∑ 𝑠𝑟
+𝑠
𝑟=1 + ∑ 𝑠𝑖
−𝑚
𝑖=1
)                                           (5)                                                                                             227 
Subject to:       ∑ 𝜆𝑗 𝑥𝑖𝑗  + 𝑠𝑖
−  = 𝜃𝑥𝑖0 
𝑛
𝑗=1
         𝑖 = 1, … , 𝑚 228 
                        ∑ 𝜆𝑗 𝑦𝑟𝑗 − 𝑠𝑟
+  = 𝑦𝑟0 
𝑛
𝑗=1
              𝑟 = 1, … , 𝑠 229 
                        ∑ 𝜆𝑗  = 1 
𝑛
𝑗=1
                       𝜆𝑗 , 𝑠𝑖
+, 𝑠𝑖
−  ≥ 0,   𝑎𝑙𝑙 𝑟, 𝑖, 𝑗           𝜃 𝑓𝑟𝑒𝑒 230 
In the case of output-oriented model, the dual problem can be expressed as follows: 231 
max 𝜑 − 𝜀(∑ 𝑠𝑟
+𝑠
𝑟=1 + ∑ 𝑠𝑖
−𝑚
𝑖=1
)                                             (6)                                                                                              232 
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Subject to:        ∑ 𝜆𝑗 𝑥𝑖𝑗  + 𝑠𝑖
−  = 𝑥𝑖0 
𝑛
𝑗=1
            𝑖 = 1, … , 𝑚 233 
                         ∑ 𝜆𝑗 𝑦𝑟𝑗 − 𝑠𝑟
+  = 𝜑𝑦𝑟0 
𝑛
𝑗=1
         𝑟 = 1, … , 𝑠; 234 
 ∑ 𝜆𝑗  = 1 
𝑛
𝑗=1
                       𝜆𝑗 , 𝑠𝑖
+, 𝑠𝑖
−  ≥ 0,   𝑎𝑙𝑙 𝑟, 𝑖, 𝑗           𝜑 𝑓𝑟𝑒𝑒 235 
Where: (𝑠𝑖
+, 𝑠𝑖
−) are the output and input slack variables 236 
EMPIRICAL DATA ANALYSIS AND RESULTS 237 
Data for this case study was drawn from AFC smart card (Go-card) data supplied by TransLink 238 
Division of Queensland Department of Transport and Main Roads, Australia. For this pilot study, 239 
AFC data for 21
th
 August 2013 is used. Other relevant data such as route length, section length 240 
between stops, schedule time table were obtained from the TransLink website 241 
(http://translink.com.au).  242 
Study Routes and Data 243 
Brisbane is the focal city of the South East Queensland (SEQ) urban region of Australia. The 244 
Brisbane Statistical Division has a population of 2.3 million people while that of Queensland is 245 
4.8 million people (ABS, Dec 2015). FIGURE 2a illustrates the high frequency bus routes along 246 
major corridors in Brisbane. Here, the backbone of the bus system is composed of two 247 
continuous Bus Rapid Transit corridors; the South East Busway (see spine route 111 for 248 
example) and the Inner Northern Busway (see spine route 333 for example). The case study 249 
sample comprises 42 key bus routes in the SEQ bus network, which connect suburban areas with 250 
the Brisbane central business district (CBD). The morning peak hour, afternoon peak hour, and 251 
an off-peak hour were selected to compare performance of these bus routes. 252 
AFC data from TransLink provides details of individual passenger journeys. This 253 
includes the following fields: operator, operation date (date corresponding to the bus operation), 254 
smart card ID (encrypted by passenger), route (bus route used by the passenger), direction 255 
(inbound or outbound), schedule start (the schedule start time of corresponding trip), actual start 256 
(actual timestamp of bus departing origin stop), actual end (actual timestamp of bus arriving at 257 
terminus stop), boarding and alighting stop (by passenger, IDs of stops used to board and alight), 258 
boarding and alighting times (timestamps when passenger touched on when boarding and 259 
touched off when alighting), vehicle ID (encrypted ID of bus vehicle), journey ID (encrypted ID 260 
of bus trip), and ticket type (type of smart card used by passenger such as adult, student or child). 261 
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a)  262 
b)  263 
FIGURE 2 a) Brisbane, Australia high frequency bus network map (source: 264 
http://translink.com.au); and b) Extracting transit route performance indicators flowchart  265 
Raw Smart-card data
Data for route and
direction
Data for a month and
working days only
Data for a given
working day
Data for a given
vehicle
Data for a given
service of vehicle
Data for a given
segment of route
Transit work of
service
Total passenger
Average dwell
time
On time
performance
Route
Direction
Month
Working calendar
Working calendar
Vehicle Index
Schedule starting time Index
Smart-card ID IndexActual starting time
Actual ending time
Travel time
Alighting stop Index
Boarding stop Index
Alighting time
Boarding time
First and last alighting time
First and last boarding time
Inputs and
outputs extracted
11 
Tran K.D, Bhaskar A, Bunker J, Lee B. 
 
 
The aforementioned smart-card data provides information to reconstruct vehicle’s service 266 
performed along all consecutive segments composing a transit route during a given time window 267 
(a day or an hour). 268 
Steps implemented to extract needed inputs and outputs are shown in FIGURE 2b, where 269 
inputs and outputs are extracted utilising the aforementioned smart-card data fields: 270 
1. Based on the raw smart-card data, data for a given route and direction (inbound and 271 
outbound) is separated. 272 
2. Based on the working day calendar and month index, data for a given month and working 273 
day only are extracted. 274 
3. Based on the day index, data for a given working day are extracted. Data for a given 275 
vehicle then are extracted on the basic of vehicle index.  276 
4. Based on the schedule starting time index, data for each service of a given vehicle are 277 
extracted. 278 
5. Service data for a given segment of bus route are extracted on the basics of alighting stop 279 
index and boarding stop index. Transit work can be calculated for each service based on 280 
segment data (see Equation 1).  281 
6. Based on the actual starting time (𝑡0 ) and actual ending time (𝑡1 ) index of each service, 282 
the actual travel time (∆𝑡 ) of a given service is calculated: ∆𝑡 = 𝑡1 − 𝑡0 . Comparing the 283 
arrival time of vehicle at bus stops and ending point with schedule time yields the OTP 284 
indicator. OTP is defined as the proportion of observed trips that arrives the stops and 285 
ending point of the trip on time, where “on time” is less than 1 minute early and less than 286 
5 minutes late. 287 
7. The total number of passenger equals the total number of boarding passengers or 288 
alighting passengers. At each bus stop, smart-card data can provide the first and last 289 
alighting time as well as the first and last boarding time, if there are passengers boarding 290 
and alighting. This is used to determine a proxy dwell time [40], and the arrival time at a 291 
given stop. 292 
Based on the steps in FIGURE 2b, performance indicators of the 42 case study bus routes 293 
with both inbound and outbound directions have been extracted from the raw smart-card data for 294 
morning peak hour (7:00 am to 8:00 am), afternoon peak hour (5:00 pm to 6:00 pm), and off-295 
peak hour (10:00 am to 11:00 am) for 21 August 2013. OTP is defined here as the proportion of 296 
observed trips that arrive the destination on time. 297 
TABLE 1 shows the statistical description of the inputs and outputs used for performance 298 
analysis of the sample. 299 
 300 
  301 
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TABLE 1 Statistical description of the inputs and outputs of the 42 bus routes of the case study in 302 
Brisbane, Australia 303 
Variables Mean Minimum Maximum Standard deviation 
Route length (km) 20.29 9.30 29.46 5.23 
Busway length (km) 5.24 0.81 17 3.97 
Signalized intersection spacing 
(km/intersection) 
0.97 0.33 5.67 1.05 
Stop spacing (km/stop) 0.65 0.29 1.55 0.35 
Lane priority (%) 26.91 4.74 100 22.33 
Morning peak hour (7:00 to 8:00 am) 
Service duration (hour) 5.19 1.05 13.43 3.35 
Number of services 5.95 1 18 4.24 
Space-km (p-km) 8375.92 1891.12 28383.81 6718.46 
Average vehicle speed (km/h) 22.11 14.69 36.09 5.35 
OTP (%) 41.16 0 100 30.61 
Transit work (p-km) 1847.66 113.49 9668.89 2108.70 
Afternoon peak hour (5:00 to 6:00 pm) 
Service duration (hour) 4.63 1.02 15.10 3.48 
Number of services 5.31 1 14 3.94 
Space-km (p-km) 7593.41 1610.75 26537.42 6414.96 
Average vehicle speed (km/h) 22.93 14.02 48.02 6.02 
OTP (%) 38.88 0 100 29.26 
Transit work (p-km) 1435.86 3.14 8003.01 1904.03 
Morning off-peak hour (10:00 to 11:00 am) 
Service duration (hour) 3.30 0.72 9.10 2.15 
Number of services 4.21 1 10 2.78 
Space-km (p-km) 5986.81 1170.89 20980.54 4722.18 
Average vehicle speed (km/h) 26.22 17.41 53.60 8.46 
OTP (%) 32.78 0 100 30.76 
Transit work (p-km) 823 62 4901.13 1020.26 
 304 
Models Specification 305 
The technical efficiency and service effectiveness of the case study 42 bus routes are estimated on 306 
the basis of maximizing the outputs. DMU is defined as the performance of each bus route 307 
during a given hour (all bus services of the corresponding route in an hour for both inbound and 308 
outbound directions). However, because one bus service may operate across two different hours, 309 
bus services in a given hour are selected based on the schedule starting time. The output-oriented 310 
BCC model is adopted to calculate the efficiency/effectiveness score of DMUs.  311 
TABLE 2a presents the specification of models applied and the corresponding inputs and 312 
outputs. Here, the technical efficiency is considered in two dimensions: (a) service availability 313 
(model 1) and (b) quality of service (model 2). This helps to technically benchmark the 314 
performance of those bus routes explicitly. Service effectiveness (model 3) refers to the service 315 
output offered by the operators to the service consumption (see FIGURE 1a). This benchmarking 316 
should help to maximize the bus ridership and schedule reliability. 317 
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TABLE 2 a) Models and analysis framework; and b) efficiency scores obtained through DEA for 318 
the three models: summary statistics 319 
a) Models and analysis framework 320 
Model Performance 
dimension 
Orientation Returns to 
scale 
Input variables Output 
variables 
Model 1 Technical 
efficiency (service 
availability) 
Output VRS Route length, Service 
duration, Number of 
services, Busway length 
Space-km  
Model 2 Technical 
efficiency (quality 
of service) 
Output VRS Signalized intersection 
spacing, Stop spacing, 
Priority lane  
Average 
vehicle speed 
Model 3 Service 
effectiveness 
Output VRS Space-km, Average 
vehicle speed 
Transit work, 
OTP 
b) Efficiency scores statistics obtained for the three models 321 
Model Time Mean Minimum Maximum Standard 
deviation 
Model 1 Morning peak hour 0.937 0.798 1 0.065 
Off-peak hour 0.918 0.756 1 0.083 
Afternoon peak hour 0.941 0.756 1 0.075 
Model 2 Morning peak hour 0.905 0.71 1 0.091 
Off-peak hour 0.747 0.412 1 0.173 
Afternoon peak hour 0.805 0.524 1 0.138 
Model 3 Morning peak hour 0.709 0.234 1 0.249 
Off-peak hour 0.569 0.163 1 0.253 
Afternoon peak hour 0.699 0.006 1 0.298 
 322 
The input and output variables are defined as follows: 323 
Space-km (p-km): bus vehicle capacity multiplied by total distance traversed by all 324 
vehicles on the corresponding route during a given hour.  325 
Service duration (hour): total travel time taken by all services on the route during a given 326 
hour. 327 
Number of services: total number of trips performed on the route in a given hour for both 328 
inbound and outbound directions. 329 
Busway length (km): length of Busway (roadways that are accessible by buses only) used 330 
by bus vehicles on the route. 331 
Average vehicle speed (km/h): length of route divided by the average travel time taken by 332 
all complete trips on the route during a given hour. 333 
Priority lane (%): percentage of Busway length to total route length. 334 
Stop spacing (km/stop): length of bus route divided by total number of stops on the route. 335 
Signalized intersection spacing (km/intersection): the length of bus route divided by total 336 
number of signalized intersections on the route. 337 
The rationale behind the selection of inputs and outputs is as follows:  338 
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Technical efficiency: the output variables should present service outputs offered by the 339 
operator. Here, we select space-km and average vehicle speed because space-km provided in an 340 
hour represents the bus capacity offered by the operators. Average vehicle speed represents the 341 
average travel time of bus vehicle along the corresponding bus route, which is one of the key 342 
factors affecting the bus quality of service. The inputs relevant to space-km are route length, 343 
Busway length, service duration, and number of services because those variables typically 344 
present the resources used by operators to produce the service outputs. Number of services refers 345 
to the number of vehicles and drivers, route length and Busway length introduce the operation 346 
and maintenance resources, and service duration can approximate fuel consumption. Average 347 
vehicle speed is related to priority lane, stop spacing, and signalized intersection spacing, 348 
because when a bus route has more priority lane, its operating speed can increase. Further, 349 
greater stop spacing and signalized intersection spacing may lead to fewer delays and therefore 350 
increase average vehicle speed. 351 
Service effectiveness: the outputs should represent the service consumption. Here, we 352 
select Transit work and OTP. Transit work by definition represents the service consumption of 353 
the community. Note: OTP is generally used as a variable of service output [3]. We argue that 354 
transit operators in principle desire to maximize the OTP to increase the transit quality of service. 355 
Therefore, we consider OTP as the service consumption variable. Space-km and average vehicle 356 
speed are corresponding inputs for this dimension.  357 
Results and Discussion 358 
The results obtained from the efficiency analysis of the aforementioned models for the three 359 
given hours are presented in FIGURE 3. The score axis illustrates the efficiency scores of 360 
DMUs. A DMU is efficient if its score equals to 1, whereas lower score indicates that it is 361 
inefficient. In the DEA models, efficient DMUs become benchmarks for other 362 
inefficient/ineffective DMUs in the given sample. For instance, considering route 175 in model 1 363 
for the morning peak hour, its score of 0.8 indicates that it is possible to increase the outputs by 364 
25% (=
1−0.8
0.8
) using the similar inputs. Its benchmarks are routes 100 (𝜆100 = 0.122), 130 365 
(𝜆130 = 0.108), 212 (𝜆212 = 0.155), and 321 (𝜆321 = 0.615). The combination of 12.2%, 366 
10.8%, 15.5%, and 61.5% inputs and outputs of routes 100, 130, 212, and 321, respectively can 367 
build up the virtual DMU of route 175, which locates on the production frontier. 368 
TABLE 2b represents the summary statistics of the results obtained from the three 369 
models across the three given hours. It could be noted that the average efficiency score in model 370 
1 is remarkably high over the three hours (score > 0.91) and the minimum score is greater than 371 
0.75, suggesting that all bus routes considered have good performance in terms of service 372 
availability. Whereas, the other two models, especially model 3, witness wide dispersion of 373 
efficiency scores because some bus routes have the efficiency score lower than 0.5. Of the three 374 
given hours, off-peak hour in model 1 and model 2 experiences the higher standard deviation of 375 
efficiency scores, which reflects the wide spread of efficiency scores during off-peak hour 376 
compared to peak hours. In model 3, afternoon peak hour with higher standard deviation 377 
experiences the wider spread of efficiency scores. 378 
 379 
  380 
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TABLE 3 Inputs and outputs of a) route 175 and its benchmarks in model 1; b) route 116 and its 381 
benchmarks in model 2; and route 220 and its benchmarks in model 3 during morning peak hour 382 
a) Inputs and outputs of route 175 and its benchmarks in model 1 383 
DMUs Inputs Outputs 
No of 
services 
Route length 
(km) 
Service duration 
(hour) 
Busway length 
(km) 
Space-km  
(p-km) 
Route 175 5 16.87 4.93 2.93 5909 
Route 100 10 27.58 11.00 2.99 19349 
Route 130 15 27 12.83 11.46 28384 
Route 212 2 15.86 1.95 2.93 2220 
Route 321 3 13.20 2.25 1.42 2636 
b) Inputs and outputs of route 116 and its benchmarks in model 2 384 
DMUs Inputs Outputs 
Signalized 
intersection spacing 
(km/intersection) 
Stop spacing 
(km/stop) 
Priority lane (%) Average vehicle 
speed (km/h) 
Route 116 0.49 0.33 11 15 
Route 105 0.87 0.36 25 25 
Route 202 0.45 0.32 5 20 
Route 220 0.78 0.72 11 27 
c) Inputs and outputs of route 220 and its benchmarks in model 3 385 
DMUs Inputs Outputs Other variables 
Space-km  
(p-km) 
Average 
vehicle speed 
(km/h) 
Transit work 
(p-km) 
OTP (%) No of 
services 
Lane 
priority (%) 
Stops 
Route 220 1955 27 113 0 1 11 38 
Route 115 1891 22 454 100 1 11 36 
Route 161 2516 32 766 50 2 32 16 
 386 
Model 1: FIGURE 3a illustrating the results from model 1 shows that among the three given 387 
hours there are 11 efficient DMUs (route 100, 111, 130, 150, 161, 192, 200, 202, 220, 321, and 388 
325), and route 124, 170, 174, 175, and 230 typically have the lowest efficiency scores (lower 389 
than 0.85). A comparative analysis of characteristics of the best and worst performance routes 390 
can help explain why some routes are efficient whereas others are the worst performers. For 391 
instance, comparing the route 175 and its benchmarks (routes 100, 130, 212, 321) for the 392 
morning peak hour (see TABLE 3a), route 100 is efficient compared to 175 because its moderate 393 
use of service duration (although route 100 has longer route length, it has similar service 394 
duration for each service) to produce output.     395 
For the morning peak hour, TABLE 4 illustrates that the slacks (input slack is the amount 396 
of input that one DMU could reduce to produce the same output) mostly occur for service 397 
duration. Thus, reducing the service duration can be one of the possible solutions to improve 398 
performance of inefficient routes. For instance, route 185 and 230 can reduce by 1.38 and 1.41 399 
hours respectively. 400 
  401 
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TABLE 4: Slacks for inefficient routes in model 1 during morning peak hour 402 
DMU Efficiency score Services 
Route 
length 
Service 
duration 
Priority 
lane Space-km 
Route 105 0.99 0 0 0 1.08 0 
Route 110 0.91 0 0 0 0 0 
Route 112 0.89 0 0 0.24 0 0 
Route 113 0.98 0 0 0.66 0 0 
Route 116 0.89 0 0 0.65 0 0 
Route 120 0.95 0 0 0.93 0 0 
Route 124 0.82 0 0 0.34 0 0 
Route 125 0.95 0 0 0.21 0 0 
Route 135 0.98 0 0.42 0 6.51 0 
Route 155 0.98 0 0.80 0.03 5.02 0 
Route 170 0.87 0 0 0 1.00 0 
Route 172 0.88 0 0 0.13 0 0 
Route 174 0.81 0 0 0.54 0 0 
Route 175 0.80 0 0 0.51 0 0 
Route 180 0.91 0 0 1.03 0 0 
Route 184 0.89 0 0 0.78 0 0 
Route 185 0.87 0 0 1.38 0 0 
Route 204 0.91 0 0 2.24 0 0 
Route 210 0.83 0 0 0 0.33 0 
Route 215 0.92 0 0 0 0 0 
Route 222 0.86 0 0 0.20 0 0 
Route 230 0.84 0 0 1.41 0 0 
Route 235 0.90 0 0 0.39 0.89 0 
Route 310 0.93 0 0 0.09 1.67 0 
Route 330 0.95 0 0 0 0 0 
Route 333 0.85 0 0 0 2.27 0 
  403 
Model 2: the results obtained from model 2 are presented in FIGURE 3b, where there are 4 404 
efficient DMUs (route 113, 175, 202, and 321), while routes 116, 120, 135, 230, and 333 405 
experience the lowest efficiency scores across the three study hours. Considering route 116 406 
during the morning peak hour, its score is 0.71, which indicates that it is possible to increase its 407 
outputs by 40.85% using the unchangeable inputs. The benchmarks for route 116 are 105 408 
(𝜆105 = 0.083), 202 (𝜆202 = 0.894), and 220 (𝜆220 = 0.023). The corresponding inputs and 409 
outputs of route 116 and its benchmarks are depicted in TABLE 3b. Route 116 is inefficient 410 
because of its lower average vehicle speed (compared to the mean of the sample and its 411 
benchmarks). In this model, the slacks mostly occur for priority lane. This indicates that the 412 
efficiency score of inefficient routes can be improved by reducing priority lane. TABLE 5 413 
presents the slacks for morning peak hour indicates that route 222 and 333 can reduce priority 414 
lane by 20% and 32 %, respectively. It is unrealistic to reduce priority lane, however these 415 
slacks indicate that some bus routes with high priority lane (such as 222 and 333) are operating 416 
at low average vehicle speed. Therefore, it may be possible to increase operating speed (or 417 
reduce schedule travel time) on those bus routes to improve performance.  418 
 419 
17 
Tran K.D, Bhaskar A, Bunker J, Lee B. 
 
 
TABLE 5: Slacks for inefficient routes in model 2 during morning peak hour 420 
DMU 
Efficiency 
score 
Intersection 
spacing Stop spacing Priority lane 
Average 
vehicle speed 
Route 100 0.98 0.05 0 0 0 
Route 112 0.85 0.01 0 0 0 
Route 115 0.83 0 0.06 0 0 
Route 116 0.71 0 0 4.22 0 
Route 120 0.82 0 0 2.45 0 
Route 124 0.94 0 0 3.40 0 
Route 135 0.81 0.74 0 0 0 
Route 150 0.78 0 0 2.21 0 
Route 155 0.81 0.12 0 0 0 
Route 160 0.95 0.20 0 14.85 0 
Route 161 0.98 0.60 0 5.33 0 
Route 170 0.93 0 0.29 21.58 0 
Route 172 0.97 0 0 8.25 0 
Route 174 0.97 0 0 0.53 0 
Route 180 0.89 0 0.23 1.83 0 
Route 184 0.81 0 0 8.50 0 
Route 185 0.85 0 0 5.60 0 
Route 200 0.98 0 0.13 0 0 
Route 203 0.87 0 0 9.70 0 
Route 204 0.82 0 0 8.09 0 
Route 210 0.84 0 0 12.75 0 
Route 212 0.77 0 0 10.54 0 
Route 222 0.81 0 0 20.48 0 
Route 230 0.75 0 0 10.95 0 
Route 235 0.80 0 0 14.58 0 
Route 310 0.84 0 0 8.11 0 
Route 325 0.98 0 0.21 0 0 
Route 330 0.92 0.07 0 0 0 
Route 333 0.78 0 0 31.69 0 
   421 
Model 3: FIGURE 3c illustrates the results obtained from model 3 showing that the effectiveness 422 
scores of DMUs vary significantly among routes and hours. Route 115 and 235 are effective 423 
whereas route 105, 113, 124, 155, 184, 200, 220, and 310 have the poorest performance (scores 424 
are lower than 0.5) across the three hours. It also could be seen that route 105 and 155 have very 425 
low scores for the afternoon peak hour (0.07 and 0.01 respectively) because each has a very 426 
small value of transit work.  427 
Considering route 220 for morning peak hour, which typically has the lowest 428 
effectiveness of the three hours, this route (score of 0.234) is able to increase the outputs by 429 
327.9% using the similar inputs. The benchmarks for route 220 are 115 (𝜆115 = 0.898) and 161 430 
(𝜆161 = 0.102). The corresponding inputs and outputs of route 220 and its benchmarks are 431 
depicted in TABLE 3c. It is useful to compare route 220 and route 115, which have similar 432 
inputs: the former is inefficient because its outputs are remarkably low (accounting for 113 and 0 433 
of transit work and OTP, respectively).  434 
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TABLE 6: Slacks for some inefficient routes in model 3 during morning peak hour 435 
DMU 
Efficiency 
score Space-km 
Average 
vehicle Speed 
Transit 
work OTP 
Route 100 0.89 2079.45 0 0 23.00 
Route 105 0.50 1597.33 2.90 13.62 0 
Route 110 0.82 2007.87 0 0 0 
Route 112 0.35 0 0 33.07 0 
Route 113 0.43 0 0 0 0.31 
Route 120 0.83 2860.98 0 0 0 
Route 125 0.39 0 0 0 13.31 
Route 130 0.95 8453.51 0 0 30.40 
Route 140 0.39 993.83 0 0 56.72 
Route 150 0.93 6241.99 0 0 56.59 
Route 155 0.51 0 1.06 0 0 
Route 160 0.62 1282.69 5.25 0 0 
Route 170 0.58 0.00 0 0 0 
Route 172 0.67 583.79 2.86 106.58 0 
Route 180 0.88 1267.87 0 0 19.72 
Route 185 0.64 62.28 0 0 42.86 
Route 200 0.42 0 0 0 1.09 
Route 202 0.50 0 0 108.15 0 
Route 204 0.82 2930.77 0 0 28.27 
Route 215 0.50 727.34 0 326.48 0 
Route 220 0.23 0 3.90 0 94.88 
 436 
In this model, the slacks mainly occur for space-km and OTP. Therefore, reducing space-437 
km and increase OTP of inefficient routes may help improve performance. For example, TABLE 438 
6 presents the slacks movement of inputs and outputs during the morning peak hour, where route 439 
150 can reduce 6,242 units of space-km and increase 57 units of OTP. The decrease of space-km 440 
can be achieved by reducing the capacity of dispatched vehicles or shortening route length. 441 
However, it is not always feasible to modify such variables because this action may have adverse 442 
impacts on broader quality of service objectives including span of service, connection to 443 
suburban areas. Transit agencies may consider analysing onboard passenger loading of low 444 
performance routes with respect to frequencies and bus models applied. 445 
For this reason, attracting more ridership and enhancing schedule reliability are possible 446 
ways of improving performance of inefficient bus routes. To increase ridership, the external and 447 
environmental factors of the best and the worst performers need investigation, with comparative 448 
analysis between them to identify the source of inefficiency. For instance, route 220 connects 449 
Wynnum (a coastal suburb in Brisbane’s east) to CBD whilst route 115 connects Calamvale (the 450 
South of Brisbane) to CBD. Wynnum has lower population density with high proportion of 451 
retirees, while Calamvale and intermediate areas crossed by route 115 have higher population 452 
density with ages between 15 and 65 dominant (ABS, June 2014). Further, more shopping 453 
centres and schools located in the South of Brisbane contribute to the higher ridership of 115. 454 
This empirical analysis indicates the actual performance of 42 bus routes of the case 455 
study in Brisbane, Australia, suggesting the following messages for the operator: (1) it should be 456 
useful to reduce service duration of some inefficient routes in model 1 (see TABLE 4), and 457 
19 
Tran K.D, Bhaskar A, Bunker J, Lee B. 
 
 
increase average vehicle speed of some inefficient routes in model 2 (see TABLE 5) which has 458 
high priority lane by reducing schedule travel time on those routes, and (2) there is a great need 459 
to investigate the external and environmental factors of inefficient routes in model 3, especially 460 
geographic information, and then to modify the schedule to meet the actual demand of residents. 461 
  462 
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    463 
a) Efficiency scores of model 1 464 
 465 
b) Efficiency scores of model 2 466 
 467 
c) Effectiveness scores of model 3 468 
FIGURE 3 Efficiency scores of a) model 1; and b) model 2; and Effectiveness scores of model 3 469 
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CONCLUSION 470 
This paper exploits AFC data of Brisbane, Australia to provide insights into the temporal and 471 
spatial operation of 42 key bus routes of the case study. Based on the framework for the 472 
performance evaluation of transit system we proposed a framework for individual transit routes 473 
within a network, consisting of two divisions for technical efficiency measurement. BCC model 474 
is applied to quantify the efficiency (or effectiveness) scores of the DMUs in three models across 475 
morning and afternoon peak hours and off-peak hour. The results achieved indicate the best and 476 
worst DMUs, and explain to some extent the source of inefficiency. The DMUs with low score 477 
should be further studied in the second stage analysis using truncated regression models to 478 
identify the reasons for inefficiency (or ineffectiveness), especially model 3. The knowledge 479 
gained helps to provide transit operators and policy makers with additional information for 480 
decision makings. 481 
This study indicates the significant contribution of OTP to the overall efficiency scores of 482 
DMUs in model 3. However, in the current analysis OTP is estimated based on the arrival time at 483 
the destination stop. Future research should use the arrival time at intermediate stops to enhance 484 
the accuracy of OTP. Another limitation is that we do not investigate the influence of 485 
environmental factors on the efficiency score of DMUs. This work will be performed in 486 
upcoming studies. 487 
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